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Abstract 
The external trip estimation is important but usually neglected in travel demand modeling process for small and 
medium urban areas.  This research develops a cost-effective method to forecast external trips from an economic 
point of view.  A concept of Employment Index (EI) by NAICS sectors was initiated to represent local economic 
characteristics in statewide context and approved to be significant in predicting external trips.  Based on recent survey 
data, separate external trip models were developed by urban categories.  The new models minimize data requirements 
and are easy to use.  They appear transferable to other small and medium urban areas. 
© 2012 Published by Elsevier Ltd. Selection and peer-review under responsibility of Beijing Jiaotong 
University (BJU) and Systems Engineering Society of China (SESC).   
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1. Introduction 
1.1. Background 
Transportation planning in small and medium sized urban areas is becoming more and more important.  
U.S. census shows about 52% of U.S. residents live in small cities with populations less than 50,000, and 
22% live in medium urban areas with populations between 50,000 and 200,000 (U.S. Census Bureau, 
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2000).  As a recent survey indicated, all U.S. MPOs (population > 50,000) have planning procedures for 
travel demand forecasting (TRB, 2007) to obey federal law.  Some states, like North Carolina, extend the 
planning requirement to all municipalities regardless of size.  Such smaller communities have sizable 
external trips, which thus affect the whole transportation planning process and decision-making. 
The total traffic crossing an area’s cordon line is comprised of through and external trips.  When both 
the origin and destination of a trip are outside the cordon line, the trip is termed a through trip or external-
external (E-E) trip.  When only one end, either origin or destination, is within the study area, the trip is 
termed an external trip.  External trips can be classified further into external-internal (E-I) or internal-
external (I-E) trips, depending on the origin of a trip outside the study area or not.  External and through 
trips are typically split at each external station, because separate origin-destination (O-D) tables need to 
be developed in travel demand modelling process.  Therefore, good estimate of total external trips is 
desired. 
Two reasons motivate this research.  First, the local employment types and magnitudes represent the 
economic characteristics which significantly impact external trips.  Second, the employment data is 
generally readily available from online sources of U.S. census, thereby making the possible new method 
easy to use. 
1.2. Problem statement 
Historically, the most popular method for collecting external trip data is to perform a roadside intercept 
survey at study area’s cordon.  However, very few roadside surveys have been conducted in recent years, 
primarily because of rising costs and the concern that stopping vehicles on the highway would be 
perceived as an unacceptable intrusion on the motorist (Martin, et al, 1998).  Compared to large urban 
areas, performing surveys is not as feasible in smaller communities because most such areas have few if 
any financial and personnel resources to conduct an expensive survey.  This cost issue supports the need 
for a cost-effective planning procedure in small or medium urban areas. 
Some areas are using traditional through trip models to indirectly predict external trips (Martin, et al, 
1998).  This approach has been weakened by limitations of the traditional through trip models: (1) they 
are only suitable to small urban areas with population less than 50,000, and (2) they require intensive 
classified traffic counts, especially truck traffic data, which are not always available or expensive to 
collect.  Therefore, a simple external trip forecasting methodology with minimum data collection is 
desired by smaller urban areas. 
2. Literature review 
The effort on studying external trips has been much less intensive than for internal trips.  The primary 
reason is very little is known outside the planning area.  Modlin (1971) provided a multiple regression 
equation to estimate I-E and E-I trip split based on community’s employment characteristics.  It is the 
only reference directly studying external trips can be found.  Although this method was not widely used it 
motivated an approach to analyze external trips from an economic point of view. 
In current modeling practice, through trip ends are firstly estimated and then subtracted from ADT to 
obtain external trips at each external station.  NCHRP Report 365 (Martin, et al, 1998) represents an 
indirect approach to estimate external trips in small communities (population < 50,000) where an external 
survey is not available or possible.  It is the traditional method being used by some areas.  This 
methodology apply a through trip model (Modlin, 1982) to develop the through trip matrix based on 
urban population, highway functional classification, ADT, percentage of trucks and route continuity, and 
subtract the through trip totals from ADT counts at external stations.  The remainders represent the 
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overall control totals by station for external trips.  The directional differences of external trips are usually 
ignored by assuming E-I trips equal I-E trips in a typical daily period.  Pigman (1978) also created an 
empirical through trip model.  However, this model has not seen widespread use due to less accuracy 
(Chatterjee, et al, 1989).  Other methods of developing through trip tables include the gravity-model 
structured equations recommended by Quick Response Freight Manual (Cambridge Systematics, 1996) 
and an improved version proposed by Horowitz (2000).  Both methods focus on through trip distribution 
between external station pairs and assume through trip ends are already known at each external station. 
In recent years, some new research shows that external trips are strongly related to community’s 
socioeconomic characteristics which is the key determinant of external trips.  Anderson (2005, 2006) 
determined an interaction between small communities and nearby major cities (or highway facilities).  His 
studies indicate that the city of interest is not an isolated island and that the economic activities in the 
market area surrounding a city impact through and external trip patterns.  Another recent research (Han 
and Stone, 2008) clarifies the definition of nearby major city in through trip estimation and statistically 
approves the significant influence of a study area’s economic context on patterns of through trips and, 
eventually, the external trips. 
3. Data collection 
3.1. External O-D survey data 
In 2005, the authors contacted cities and state agencies through U.S. which were known to have recent 
external survey studies.  In addition, the members and friends of TRB Committee ADA30 (Transportation 
Planning for Small and Medium-Sized Communities) were asked for data.  Twenty-three agencies in five 
states responded and afforded their survey reports.  Data cleaning eliminated study areas that are located 
on the U.S. border or that are large metropolitan cities.  The resulting data set used for this research 
includes 16 different study areas in Alabama (AL), North Carolina (NC) and Texas (TX).  Table 1 
summarizes these communities by two urban categories: small urban areas (populations < 50,000) and 
medium urban areas (populations > 50,000).  In this research, survey data from communities in Alabama 
and Texas were randomly selected for model development, and the remainders in North Carolina were 
used for model performance evaluation. 
In each study area, a one-way (inbound or outbound) or two-way survey was conducted to capture 
through trip ends, external-internal (E-I) trip ends and internal-external (I-E) trip ends at each external 
station.  Related analysis has validated that one-way surveys and two-way surveys produce consistent 
percents of external trips (Han and Stone, 2008).  Therefore, all external trips measured as percentage of 
total ADT ends that enter or leave the study area can be obtained from the survey to develop a new 
external trip estimating methodology.  As Table 1 shows, the percentage of external trip ends of the ADT 
at all external stations for a small community ranges between 35% and 64%.  Medium-sized urban areas 
have larger share of external trips. 
3.2. Employment data
Employment is the primary criterion of an area’s economic profile.  The employment complexion is a 
key factor representing the “attractive” characteristics of a study area.  It directly affects external trip 
patterns.  Furthermore, employment data is easy to obtain from the U.S. economic census for any 
community, so it provides a cost-effective basis for developing external trip models.  
U.S. economic census organizes employment data by different sectors defined by North American 
Industry Classification System (NAICS) (U.S. Census Bureau, 2002).  NAICS is a unique, all-new 
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system for classifying business establishments and was adopted in 1997 to replace the Standard Industrial 
Classification (SIC) system.  The business data is updated every five years from national, statewide to 
local (county and city) levels.  Table 2 lists NAICS economic sectors.   
Table 1. Summary of external survey data 
Urban 
Category 
Community Population (1) Employment 
Study 
Year
# of 
Stations
Traffic 
Surveyed
EI + IE 
Trips (%) 
Alexander City, AL 15,008 22,009 2004 6 Inbound 43.85 
Arab, AL 7,174 4,724 2004 4 Inbound 56.78 
Hartselle, AL 12,019 5,919 2004 4 Inbound 49.38 
Roanoke, AL 6,563 3,377 2004 4 Inbound 64.39 
Russellville, AL 8,971 6,927 2004 4 Inbound 63.61 
Troy, AL 13,935 8,609 2004 5 Inbound 55.29 
Small 
Pilot Mountain, NC 2,912 2,214 1995 7 Two-way 34.66 
Goldsboro, NC 86,752 42,126 2003 32 Two-way 74.22 
Jacksonville, NC 95,179 86,270 2002 9 Two-way 80.80 
Wilmington, NC 172,322 97,410 2003 8 Outbound 92.76 
Brazos County, TX 152,415 47,375 2001 15 Two-way 83.74 
Longview, TX 256,152 86,314 2004 60 Two-way 77.34 
Midland/Ector County, TX 237,132 88,017 2002 19 Two-way 92.93 
San Angelo, TX 88,439 34,772 2004 23 Two-way 90.02 
Texarkana, TX 129,749 43,467 2003 16 Two-way 72.75 
Medium 
Tyler, TX 174,706 73,898 2004 32 Two-way 81.90 
(1) Population are from 2000 census, except Pilot Mountain, NC with 1995 data.  
Table 2. NAICS economic sectors 
NAICS Code NAICS Economic Sectors Symbol 
11 Agriculture, Forestry, Fishing and Hunting AFFH 
21 Mining MIN 
22 Utilities UTIL 
23 Construction CONS 
31-33 Manufacturing MANU 
42 Wholesale Trade WHOLESALE 
44-45 Retail Trade RETAIL 
48-49 Transportation and Warehousing TRANS 
51 Information INFO 
52 Finance and Insurance FINANCE 
53 Real Estate and Rental and Leasing ESTATE 
54 Professional, Scientific, and Technical Services PSTS 
55 Management of Companies and Enterprises MANA 
56 Administrative and Support and Waste Management and Remediation Services ASWMRS 
61 Educational Services EDU 
62 Health Care and Social Assistance HCSA 
71 Arts, Entertainment, and Recreation AER 
72 Accommodation and Food Services AFS 
81 Other Services (except Public Administration) OS 
92 Public Administration PA 
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Each employment sector is associated with a group of external trips with a specific trip purpose.  
Therefore, the total external trips commuting with a study area are comprised of different trip groups with 
different purposes of working, shopping, entertainment, and so on.  In other words, employments in 
different economic sectors have their own industrial characteristics and should have different 
contributions to external trip generation in communities.  In this research, a concept of “Employment 
Index (EI)” was developed to represent local economic characteristics of study areas.  Employment Index 
is defined as below. 
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where, 
        EIj        = Employment index for NAICS economic sector j in local area; 
        LEmpj  = Number of employees for NAICS economic sector j in local area; 
        SEmpj  = Number of employees for NAICS economic sector j in the state where the local area is. 
Any study area has a set of EIs corresponding to NAICS economic sectors.  Each EI is a ratio of the 
local-level percentage of employment to the corresponding statewide-level percentage of employment, for 
a specific NAICS economic sector.  An EI represents a study area’s relatively attractive power in the 
statewide context, which is caused by the magnitude of employment in the corresponding economic 
sector.  Therefore, it is intuitively reasonable that a rational combination of explanatory EIs can 
summarize a community’s unique economic complexion that affects external trip generation. 
To be consistent with study years of external surveys as much as possible, 2002 NAICS data was used 
to obtain values of Employment Index in this research.  Some areas only have a range of number of 
employees for NAICS economic sectors.  Average employments were used for these situations. 
4. Methodology 
This research is to efficiently predict the percentage of external trips of total ADT crossing study 
area’s cordon line.  Because ADT is usually known at external stations, external trip ends can be 
determined given the percentage of external trips.  The methodology includes the following steps: (1) 
Comparison of percent external trips between urban categories; (2) Regression model development by 
scenarios; (3) Model assumption validation; (4) Model performance evaluation.  
As two urban categories exist, the model could be separate for each category or combined for both.  A 
scenario design is conducted first.  It determines if it is necessary to split data set for developing two 
individual models by urban categories or whether one model and one combined data set is sufficient.  A 
multiple regression analysis was conducted to build the relationship between percent external trips in the 
study area and local Employment Index.  A stepwise selection procedure was used to select the most 
significant Employment Index at a 95% confidence level.  By evaluating the goodness of fit with survey 
data, the best model was chosen from candidate models developed under different scenarios.  Then, the 
model assumptions are examined.  Finally, the predictive power of the final model was evaluated by 
comparing to observed data.
5. Model development 
The external survey data from six small urban areas in Alabama and six medium urban areas in Texas 
was used for model development.  
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A two-step hypothesis test procedure was firstly conducted to compare external trips, as percentage of 
AADT at all external stations, between small and medium urban areas: (1) test the equality of two sample 
variances, and (2) test the equality of two sample means.  The test of sample variances results in an F-
value of 1.11 and a p-value of 0.9083, which indicates the percent external trips observed in small and 
medium urban areas have the same variances.  Assuming equal population variances, a pooled t-test was 
subsequently conducted to compare sample means.  This hypothesis test produces a t-value of 6.13 and a 
p-value less than 0.0001, which strongly proves the percentage of external trips in medium urban areas is 
significantly greater than that of small urban areas.  This result is consistent with the findings of previous 
studies (Martin, 1998; Modlin, 1982).  It leads to an intuitive modeling framework of two separate models 
by urban categories.  However, a single model based on combined data may be more appealing because 
of an enlarged sample size for analysis.  Therefore, two scenarios were designed for the model 
development: 
x Scenario 1 (separate models) 
- Use small urban area data for small-city model development. 
- Use medium urban area data for medium-city model development. 
x Scenario 2 (single model) 
- Combine small and medium urban area data for a single model development. 
- Include a dummy variable (equal to 1 if urban population less than 50,000; equal to 0 
otherwise) to distinguish urban category. 
Under each scenario, significant Employment Index was selected by a stepwise selection procedure 
with a 95% confidence level from candidate Employment Indices of all NAICS economic sectors.  Table 
3 presents the model parameter estimates. 
Table 3. Model estimation results 
Small City Model (Scenario 1) Medium City Model (Scenario 1) Single Model (Scenario 2) 
Variables
Coeff. F-value p-value Coeff. F-value p-value Coeff. F-value p-value 
Constant 59.64   58.66   83.11   
Small (1)       -27.56 37.59 0.0001 
MIN 12.01 19.58 0.0214       
WHOLESALE -1.56 27.07 0.035       
ESTATE -1.38 1168.82 0.0186       
ASWMRS -2.16 9.41 0.0374       
AER    31.76 18.11 0.0131    
R-Square 1.00 0.82 0.79 
(1) Small is a dummy variable, 1 = small city, 0 = medium city.  
6. Model explanation and selection 
Under Scenario 1, the separate models show the external trip generation is statistically related to local 
Employment Indices.  However, the modeling results indicate small and medium urban areas have 
different explanatory EIs.  It is consistent with the fact that different industrial and socioeconomic factors 
impact external trips in different sized urban areas.  For a small urban area, it is interesting to find the 
mining industry has a positive influence on external trip generation. It is reasonably true in Alabama 
where the model data was collected.  Mining is one of the state’s key industries and attract extensive flow 
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of workers.  The magnitude of local employment on wholesale trade, real estate and rental and leasing, 
and administrative and support and remediation services are all more likely to decrease external trips 
commuting to the study area.  This may be capturing commercial and residential centers widely located at 
the fringe areas of small cities and towns, which are key origins or destinations of daily trips.  For a 
medium urban area, the amount of external trips is likely to be associated with increasing arts, 
entertainment and recreation services.  This finding does not conflict with our common sense that a larger 
urban area usually hosts more cultural and recreational services which generates a large number of home-
based other or non-home based trips.  
Under Scenario 2, the single model only includes the urban category dummy variable, which implies 
all EIs are not significant variables after the model accounts for the significance of urban size based on 
the combined dataset.  If the single model is used, all study areas within the same urban category would 
have the same estimated external trips.  The expected results from the single model do not reflect the 
external trip patterns observed in the real world and thus are less reasonable compared to separate models 
in Scenario 1.   
The two separate models developed under Scenario 1 obviously have better goodness-of-fit with 
observed data (R2 = 1.00 for small-city model and R2 = 0.82 for medium-city model) than the single 
model (R2 = 0.79).  Therefore, the separate models are considered superior to the single model and are 
recommended for use. 
7. Model assumption validation 
The two basic assumptions made for developing a multiple regression model are: (1) errors are all 
normally distributed, and (2) all errors have the same variance.  The residuals of the recommended 
separate models were analyzed to confirm the model assumptions are not violated. 
In this research a Q-Q plot (Johnson and Wichern, 2002) was applied to test the assumption of 
normality of model errors’ distribution.  This plot orders the data against the corresponding normal 
quantiles.  Normality is not indicated if the points deviate from a straight line.  Fig 1(a) and 1(b) show the 
Q-Q plots for residuals of the small-city model and medium-city model respectively.  It can be observed 
that the points approximately lie on a straight line in both plots.  The conclusion of the linear relation 
between the ordered residuals and the corresponding normal quantiles is also strengthen by the resulting 
correlation coefficients with values of 0.94 and 0.96 (a value of 1.0 represents a straight line) for small-
city model and medium-city model respectively. 
Fig 1(a). Q-Q plot of small-city model    Fig 1(b). Q-Q plot of medium-city model 
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Figure 2(a) and 2(b) show the residual plots of small-city model and medium-city model, respectively.  
Both of the plots show residuals have no trends and are contained in a horizontal band.  This means the 
residuals of each models are independently and randomly distributed with a constant variance. 
Fig 2(a). Residual plot of small-city model   Fig 2(b). Residual plot of medium-city model 
8. Model performance evaluation 
One small city (Pilot Mountain) and three medium urban areas (Goldsboro, Jacksonville and 
Wilmington) in North Carolina were examined to evaluate the predictive power of the recommended 
separate models.  Table 4 compares the estimates and observed results.  
Table 4. Model performance evaluation 
Urban 
Category 
Case City Model Used 
Observed External Trips 
(%)
Predicated External Trips 
(%)
R-Square 
Small 
Pilot
Mountain 
Small-city Model 34.66 56.05 n/a 
Goldsboro 74.22 75.34 
Jacksonville 80.8 82.93 Medium 
Wilmington 
Medium-city 
Model 
92.76 100 
0.67 
The comparisons show that the medium city model provides satisfactory estimation of percent external 
trips.  The predicted values of all three medium-sized case urban areas are close to observations and yield 
an overall coefficient of determination (R2) with a high value of 0.67.  The small city model seems to 
produce acceptable external trip estimation for Pilot Mountain, North Carolina, although there are 
insufficient samples of small cities to strengthen this conclusion.  As expected, the new model forecasts 
higher external trips in medium sized cities than that in small cities. 
9. Conclusions 
In this research, a concept of Employment Index by NAICS economic sectors was initiated to simulate 
a community’s unique economic characteristics in statewide context.  This factor is statistically 
significant in predicting external trips.  Different from traditional external trip forecasting approaches, the 
new models only require state and local employment data that is easily obtained from U.S. economic 
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census.  The minimal data input makes the new models extremely easy to use and cost-effective in 
application, compared to expensive external surveys and traditional modeling methods.  
The methodology proposed by this research is applicable and transferable to other local datasets.  By 
thoroughly performing this methodology, the resulting models are expected to be more reliable as 
calibrating database increases.  The small-city model has a perfect fit with survey data from Alabama.  It 
needs more data to strengthen the conclusion of the model’s transferability to other small areas.  The 
medium city model shows clear transferability to other medium cities, especially in North Carolina. 
The new economy-based models may be used in two different ways for travel demand modeling: 
(1) In areas where the traditional modeling method is being used, the new models can be used to 
calibrate the control totals of external trips and then proportionally adjust external trips at 
external stations.     
(2) In areas where an external survey and traditional modeling method are not available or possible, 
the control total of external trips can be easily predicted by the new models and then assigned to 
each external station based on local knowledge. 
The good external trip estimates by the new models can improve the whole travel demand forecasting 
process in smaller areas that have insufficient resources to conduct external surveys.  Cities with growing 
fringe area and sizable inter-city traffic flows can particularly benefit from the new models while 
proposing and evaluating commuter routes or inter-city transit services.  In areas where external surveys 
may be supported, transportation professionals can borrow the models to perceive a big picture of 
external trip patterns prior to conducting surveys.  It will be helpful to select efficient sampling 
approaches so as to avoid overspending on an expensive data collection effort.    
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